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A Lagrangian stochastic (LS) implementation of an interaction by exchange with the conditional mean
(IECM) micromixing model is used to estimate concentration fluctuations in plumes dispersing from
an in-canopy, localized source into a model plant canopy flow. The sensitivity of the LS-IECM model to
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ness and kurtosis of concentration. This is shown to be caused by differences in the turbulent kinetic
energy (TKE) dissipation rates between the two interpolations and their effects on the [IECM model. The
LS-IECM model predictions of the first four moments of the scalar concentration field showed fair to
good conformance (depending on which TKE dissipation rate is used) with experimental water-channel
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1. Introduction

Chemotaxis is a phenomenon through which insects can locate
food and mates by modulating their travel paths in response to
chemical signals (Murlis et al., 1992 and references therein). If
the insect is seeking pollen then pollination may occur, bene-
fiting the agricultural and forest sectors. However, if this insect
carries a disease or is herbivorous then crop and economic losses
may result. Some species, such as bark beetles, emit an aggrega-
tion pheromone to signal other beetles to a feeding location in an
effort to overcome a tree’s natural defenses. This pheromone and,
more importantly, the corresponding anti-aggregation pheromone
can be synthesized and used to prevent colonization of bark bee-
tles into new areas (e.g., Graves et al., 2008; Gillette et al., 2009).
The mixed success so far achieved by this practice is due to a
lack of understanding of the biology of insect odour detection and
the complexity of odour dispersion within a forest canopy (e.g.,
Vickers, 2000). The odour concentrations within canopy flows are
often highly intermittent, with high concentrations frequently fol-
lowed by near-zero concentrations at a measurement location. This
is caused by the meandering, entrainment and dissipation of the
odour plume. Some insects may be sensitive to these variations of
concentration (Baker et al., 1998; Murlis, 1997) and therefore an
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improved understanding of the dispersion process in canopy flow
and the resulting concentration fluctuations would be beneficial to
agricultural and forest managers.

Advances in computer power and an increase in the availabil-
ity of computational resources have made possible the prediction
of concentration fluctuations in atmospheric dispersion models. A
variety of different modelling techniques have been employed to
this end: solving the Reynolds-averaged Navier-Stokes equation
and scalar transport equation, along with various closure assump-
tions (Hsieh et al., 2007; Wang et al., 2009), fluctuating plume
models (Gifford, 1959) with added parametrization for relative,
in-plume concentration fluctuations (Yee et al., 1994; Luhar et al.,
2000; Yee and Wilson, 2000; Franzese, 2003; Gailis et al.,2007), and
probability density function (PDF) modelling techniques (Sawford,
2004a,b; Luhar and Sawford, 2005; Cassiani et al., 2005a,b,c, 2007;
Yee et al., 2009; Postma et al., 2011a,b). This last approach is fol-
lowed here.

The Sequential Particle MicroMixing Model (SPMMM) couples a
three-dimensional Lagrangian stochastic (LS) trajectory model (see
Rodean, 1996 for a review) with the Interaction by Exchange with
the Conditional Mean (IECM) micromixing model (Fox, 1996; Pope,
1998). To “drive” the dispersion in LS models, a statistical descrip-
tion of the flow field such as the mean winds, Reynolds stresses
and turbulent kinetic energy (TKE) dissipation rate must be pro-
vided. These “driving flow statistics” may come from full-scale field
experiments, water-channel or wind-tunnel experiments or from
another numerical model. A strength of LS trajectory models is their
ability to represent many scales of motion, from extremely small
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to extremely large. However, the underlying Eulerian fields used
to drive the LS models are often provided on a relatively coarse
grid. To realise the full potential of the scale-free nature of LS
models, it is advantageous to perform some form of interpolation
of the relatively coarse experimental data onto a finer numerical
grid. Interpolation schemes can produce profiles that pass through
the experimental data or use it as a guide. Both techniques can
result in a smooth profile, but conforming to the data exactly often
results in a profile which contains oscillations or ringing between
the measurements. It is unknown whether this ringing is consistent
with reality, and certainly only additional flow measurements can
address this issue.

In this study, we investigate the accuracy with which SPMMM
can predict the first four moments of the scalar concentration
field (mean, standard deviation, skewness and kurtosis) resulting
from the release of a passive scalar from an in-canopy, localized
source into a neutrally stratified model plant canopy flow. Fur-
thermore, the sensitivity of SPMMM to the driving flow statistics is
investigated by comparing results from simulations driven by two
different piecewise, cubic polynomial interpolations of the experi-
mental driving flow statistics.

2. Setup
2.1. SPMMM

A full description of the governing equations and numerical
implementation of SPMMM can be found in Postma et al. (2011a).
Each particle has assigned to it a velocity, a position and a scalar
concentration. The Lagrangian velocity fluctuation relative to the
Eulerian mean U] = U; — (4;) and the Lagrangian position X; evolve
according to

dU; = a;(X, U', t)dt + by(X, U', t)dg(t), (1)
dX; = ((uy) +U;) dt, 2)

where dt is the timestep and d§;(t) represents an incremental
Wiener process with a mean of zero and variance equal to dt. The
conditional mean acceleration g; is deterministic and dependent
upon the Reynolds stresses and their gradients. The well-mixed
condition (Thomson, 1987) and the assumption of stationary, Gaus-
sian turbulence are used to determine a@; in SPMMM. The drift
coefficient b;; is determined from the Kolmogorov scaling relation-
ship for the velocity structure function in the inertial subrange
implying b;j = (Coe)'/28;;, where Cj is the Kolmogorov constant and
¢ is the turbulent kinetic energy (TKE) dissipation rate. The scalar
concentration ¢ evolves according to the [ECM micromixing model,

dp =~ (¢~ @), 3)
m

where t;, is the scalar micromixing time scale and (¢|u) =
(@lu)(x,y, z, u, v, w) is the mean scalar concentration conditioned
on the local velocity (also called the conditional mean concentra-
tion). The parametrization of the micromixing time scale used in
SPMMM is based upon inertial-subrange theory and was originally
proposed by Cassiani et al. (2005a).

For short and medium time scales, it is assumed that

52 \ 12
tm=p1 (UZr ) , (4)
Ur

where p is the empirically determined micromixing con-
stant which depends upon the type of turbulence, the source
configuration and the stage of development of the plume. It is

treated as a free parameter. The instantaneous plume width o is
modelled as
) @2
:

_ , 5
7T T (@~ 02)/(02 + 207T11) (3)

where Richardson’s law
d? = Gre(t +t0)’, (6)

is used to calculate the root-mean-square separation between par-
ticle pairs and T, = 262/(Cp¢) is the Lagrangian integral time scale.
The constants in Egs. (5) and (6) include: the initial source width o,
the Richardson constant C; and tg = ts/Crl/3, where t; = (03/8)1/3
is the characteristic time scale of the source. The variance of the
Lagrangian relative velocity fluctuation of,r is modelled (Franzese,
2003; Cassiani et al., 2005a) as
2/3
o, =o*(F) (7)

with o2 =2k/3 where k is the TKE and

[ _ (30%/2)°2
&

) (8)

is a characteristic length scale of the most energetic eddies. Wher-
ever o, >L, the constraint crlz,r = 02 is imposed. If ty, is larger than
the turbulence timescale 7 = k/¢, then t;;; isreset to t. The turbulence
timescale also applies for regions outside of the plume.

The required conditional mean concentration field is pre-
calculated by releasing Ny particles, one at a time, from the source
and accumulating the amount of time they spend in each bin of the
discretized position-velocity space. A dynamical grid that grows
with the plume captures the details of plume growth close to the
source. Once all particles have been transported outside the spatial
domain, the conditional mean concentration is calculated as

Qt;

—=r,
VN¢

where Q is the source strength, t/ = t/(x;, yj, zx, ur, vm, wy) is the
total accumulated residence time, V = V(x;, y;, zx) is the volume of
the spatial bin and

(9)

(plu) = (plu)(x;, y;, zk, UL, VM, WN) =

Ny = Ny(x1. ¥y 2, ur, vm, W) = Npfu AuAvAw, (10)

is the number of particles during the simulation that visit bin
(X1, Y7, zx, ur, v, wy). In the above equation, fy is the PDF of the
velocity statistics used to drive the dispersion model and Au, Av
and Aw are respectively the bin widths of the discretized stream-
wise, spanwise and vertical velocity dimensions.

In SPMMM, particles are released sequentially from the
upstream face of the spatial domain and allowed to propagate
downstream, mixing with the conditional mean concentration field
according to Eq. (3). If a particle originates in the source area,
it is assigned a non-zero initial concentration, the exact value of
which depends on the source configuration and the source strength.
Depending on the chosen source configuration, there are three or
four free parameters that need to be setin SPMMM: the Kolmogorov
constant Cy, the Richardson constant C; and the micromixing con-
stant 1 (used in the parametrization of t;;;) are the three mandatory
free parameters. In addition, for an initial Gaussian source distri-
bution, the effective source “width” og is also a free parameter,
whereas for an initial top-hat distribution, this parameter is fixed
by the actual source size (assumed to be known a priori).

SPMMM has been used to estimate with good accuracy the
mean concentration and the standard deviation of concentration
for plumes dispersing from elevated and ground-level compact
sources in wall shear-layer flow (Postma et al., 2011a). It has also
been used to estimate with fair accuracy the mean concentration
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Fig. 1. A plan view of a portion of the model plant canopy. Points A-S are velocity
statistic data extraction locations used by Hilderman and Chong (2007). Extraction
locations A-] correspond to the extraction locations used by Raupach et al. (1986).
The thin rectangles represent the canopy obstacles. Note that the axes do not use
the same scale.

and the standard deviation of concentration for plumes dispers-
ing from an elevated line source into a canopy flow (Postma et al.,
2011b). This was somewhat surprising since t;; is defined in terms
of inertial-subrange theory and canopy flows lack a well-defined
inertial subrange. Nevertheless, it has been shown by Cassiani et al.
(2007) and Postma et al. (2011b) that predictions of the first two
moments of the scalar concentration field in a canopy flow using
this parametrization of t,;; are qualitatively and quantitatively sat-
isfactory. It is important to note that SPMMM does not resolve the
canopy obstacles. Instead, the effects of the canopy are manifested
through its effects on the driving velocity statistics and the TKE
dissipation rate.

In theory, SPMMM can predict any order moment of the scalar
concentration field but in practice this is limited by the availabil-
ity of computational resources—predictions of the higher-order
moments require more particles. However, the non-interactive
nature of the particles in SPMMM allows for trivial parallelization
as well as simple programming and short execution times.

2.2. Model plant canopy

The model plant canopy consisted of a regular diamond-shaped
array of rectangular aluminum obstacles measuring 10 mm in
width, 1mm in streamwise thickness and H=60mm in height
(Raupach et al., 1986). The streamwise and spanwise centre-to-
centre obstacle spacings were 44mm and 60 mm, respectively.
Wind-tunnel dispersion experiments were carried out within the
canopy for an elevated plane source (Coppin et al., 1986) and an ele-
vated line source (Legg et al., 1986). Hilderman and Chong (2007)
revisited scalar dispersion in an identical canopy using a near
ground-level localized source, a configuration that was not exam-
ined by the original wind-tunnel study. The latter experiments
were performed in the Coanda Research and Development Corpora-
tion (Burnaby, British Columbia) recirculating water channel, with
a test section measuring 10.0m x 1.5m x 1.0m in length, width
and depth, respectively. There were 210 rows of canopy elements
within the test section of the water channel. These experiments are
hereafter referred to as the Coanda experiments. A portion of the
canopy in plan view can be seen in Fig. 1.

The water-channel flow was seeded with titanium dioxide par-
ticles to allow the extraction of velocity statistics with laser Doppler

velocimetry. Measurements of the u, v, and w velocity components
at 19 points (A-S) were made in the unit cell centred on the sev-
enth tab of row 160, x=7.04 m into the canopy and y = 0.42 m from
the sidewall of the water channel. At all points, velocity measure-
ments were made up to a height of 3H =180 mm. For points D and ],
velocity measurements were made up to a height of 12H=720 mm.

The scalar source was a horizontally oriented tube with a diam-
eter of ds=H/4=15mm positioned immediately behind a canopy
obstacle at a height of z; = 0.2H =12 mm. Since the sharp-sided alu-
minum tabs are very efficient turbulence generators, Hilderman
and Chong (2007) found that the concentration field resulting from
dispersion from a very small source was extremely sensitive to the
exact placement within the canopy, and that the plume could easily
be biased to one side of the channel or the other by a slight change in
the release angle or velocity. As this is undesirable from the stand-
point of being able to reproduce experimental results, a relatively
large source was used. The source was designed to have minimal
momentum and had a fine mesh over the end, to ensure a uniform
distribution of the dye over the source area. Sodium fluorescein
dye was used as the dynamically passive tracer. The velocity of the
dye at the source was us=2.26 x 103 ms~!, which corresponds to
a release rate of Q=24 mLmin~!. Sodium fluorescein is a weakly
diffusive scalar, with a (molecular) Schmidt number of 1920 in
water. Laser-induced fluorescence was used to extract concentra-
tiondatal, 2,4, 7,8, 12, and 16 rows downstream from the source
at 7 to 10 heights, depending on the location. The measurements
were made dimensionless by dividing by the source concentration
(i.e., " =d/ps). The source concentration is ¢s = Q/(Asus) where As
is the area of the source. Once dimensionless, higher-order statis-
tical quantities were calculated. The dimensionless quantities are
denoted with a superscript asterisk: (¢') for the mean, a(’; for the

standard deviation, Sk;, for the skewness and Ku;b for the kurtosis
of the dimensionless concentration.

2.3. Interpolation techniques

Two interpolation techniques are used in this study: cubic spline
interpolation and Savitzky-Golay filtering (Savitzky and Golay,
1964; Steinier et al., 1972). Both techniques involve fitting piece-
wise polynomials to the experimental data but differ considerably
in the details of the fitting. Cubic splines use third-degree poly-
nomials to interpolate between data points. The resulting profile
passes through the experimental data exactly and is continuous
and smooth, as is its first derivative. Its second derivative is also
continuous. Passing through the experimental data exactly is per-
haps the most desirable feature of cubic spline interpolation but
can result in oscillations between the data points as the curvature
of the spline may have to change frequently and drastically to reach
the next data point. There are a variety of end point conditions that
can be imposed upon the cubic spline. The natural spline allows the
spline to equilibrate such that the oscillatory nature is minimized,
which is suitable for fitting a curve to experimental data.

The Savitzky-Golay filter is also known as the digital smoothing
polynomial filter or the least-squares smoothing filter. It performs
a least-squares polynomial fit to data within the filter window. The
degree of the polynomial and the width of the filter window are
variables. The Savitzky-Golay filter has as a strength the ability to
maintain data features while reducing noise, provided the degree
and window width are chosen carefully. In this study, we used
a third-degree polynomial and a filter window width of 2H/3 as
we found that these values smoothed the experimental data while
maintaining the general trends in the measurements. As originally
described, the Savitzky-Golay filter required uniformly spaced data
but modern algorithms have relaxed this requirement.
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2.4. Driving velocity statistics

To drive the SPMMM simulations, a horizontally homogeneous
flow field was produced by spatially averaging the data from points
A-]. The data from points L-S filled in details between points A-]
(measurement locations in the original study) and therefore were
not included in the averaging. Above 3H, the averaged velocity
statistics from points D and ] were used. The spatially averaged
velocity statistics are shown by the symbols in Fig. 2.

From these data, the friction velocity at the top of the canopy
was determined to be u,=0.02ms~! and the roughness length
was zgp=9mm. The boundary layer depth was §=540mm and
the free-stream velocity was (u);=0.175ms~!, giving a Reynolds
number (based on § and (u)s) of Res=9.4 x 10%. At the top of the
canopy the mean streamwise velocity was (u)c=0.07 ms~!, giving
Rec=4.2 x 103 (based on H and (u)¢). The lines in Fig.2 represent
the two interpolations used to drive the SPMMM simulations. The
solid lines represent the cubic spline interpolations, which more
closely match the experimental data resulting in “bumps” and “wig-
gles” in the vertical profiles. The smoother, dotted lines represent
Savitzky-Golay interpolations of the experimental data. The effects
of the canopy are apparent in this figure—rapid attenuation of all
velocity statistics below the canopy and maxima of the stresses
near the canopy top. The most notable difference between the two
interpolations is that the maxima of the Savitzky-Golay interpo-
lated stresses 02, 02 and (/w’) are smaller than the maxima of the
corresponding cubic spline interpolated stresses.

As no measurements or estimations of ¢ were made in the
Coanda experiments, it was approximated as the sum of wake
and shear production of TKE: ¢ ~ Ps + Py,. Both the shear produc-
tion of TKE, Ps = —(u'w’) d(u)/dz and the wake production of TKE,
Py = —(u) d(u'w')/ 0z are in closed form and readily calculated from
the measured velocity statistics. This approximation ignores the
turbulent transport of TKE since it has no closed form and there-
fore would have had to be modelled, introducing other tunable
parameters into the model. We viewed this as undesirable. Since
turbulent transport was a major loss in the TKE budget just above
the canopy and was the principal gain within the upper canopy
in the wind-tunnel experiments (Raupach et al., 1986), the above
approximation is subject to error. However, in Postmaetal.(2011b)
the approximation was shown to produce a vertical profile of the
TKE dissipation rate that conformed well with data from the wind-
tunnel experiments. The resulting profiles shown in Fig.2 seem
reasonable, having their maxima near the canopy top and rapidly
attenuating above and below it. The Savitzky-Golay interpolated
TKE dissipation rate has its larger maximum slightly higher in the
canopy and experiences greater attenuation below the canopy than
the cubic spline interpolated TKE dissipation rate.

This experimental data set could be used to investigate whether
the use ofinhomogeneous velocity statistics (e.g, the statistics from
points A-S) results in more accurate model predictions than the use
of horizontally homogeneous velocity statistics (e.g., the spatially
averaged statistics described above). However, the use of strongly
inhomogeneous velocity statistics may result in the generation of
unrealistically high particle velocities which can strongly affect
model predictions, particularly for the higher-order concentration
moments (Postma et al., 2012) and therefore this is left for a future
study.

2.5. Free parameters and discretization

The experimental source configuration is well represented by
a top-hat initial source distribution. Therefore, o is set equal to
the source diameter and the initial concentrations of those parti-
cles originating in the source region are given by ¢s (see end of
Section 2.2). The remaining free parameters were set to Cp=2.0,

Cr=0.12 and w=0.75. These values of Cp and C; are identical to
those used by Postma et al. (2011a). The value of i has been
decreased from 0.82 (suitable for a line source) to 0.75 (suitable for
alocalized source) due to the difference in the source configuration.
This reduction of the micromixing timescale reflects the increased
dimensionality of the localized source configuration—entrainment
of the scalar occurs in both the lateral and vertical directions
whereas it occurs only in the vertical direction for a line source,
and thus the micromixing constant should be reduced (Thomson,
1996; Sawford, 2004b). The value w = 0.75 was used by Postma et al.
(2011a) for simulations of dispersion from a localized source.

The required conditional mean concentration field was pre-
calculated in a domain that was divided into 60 bins in the x, y,
and z directions and 20 bins in the u, v, and w dimensions. The
timestep was chosen to be two percent of either the Lagrangian
integral timescale or the mixing timescale, whichever was smaller.
The pre-calculation of the conditional mean concentrations utilized
5 x 107 particles while the micromixing phase of the simulations
utilized 108 particles. More particles were needed in the micromix-
ing phase of the simulation in order to reduce the statistical noise
in the predictions of skewness and kurtosis of concentration. Even
with 108 particles, SPMMM simulations were quite fast, taking
approximately two hours to run on a quad-core desktop computer.

3. Results and discussion

Results for two SPMMM simulations are presented below. The
SPMMM-CS simulations utilized the cubic spline interpolated flow
statistics to drive the model while the SPMMM-SG simulations
used the Savitzky-Golay interpolated flow statistics. The SPMMM
predictions! for the first four moments of the scalar concentration
field were compared with experimental data at 12 xz-positions.
At the x/H=1.40, 2.87, 5.80 and 11.67 downstream locations (cor-
responding to 2, 4, 8 and 16 rows downstream from the source),
the comparison heights z/H=0.1 and z/H = 1.0 were used. The third
comparison height farther above the canopy varied with the down-
stream location: z/H=1.5, 2.0, 2.0 and 3.0 for the respective x/H
positions. At each of the xz-positions, the measured data and the
SPMMM predictions were compared across the full extent of the
spanwise domain, for a total of n=482 comparison pairs.

3.1. Concentration moments

The SPMMM predictions were evaluated with three perfor-
mance measures. The fractional bias,

(Q —Qp)

FB= ——=_ P
0.5(Qo + Qp)

(11)

quantifies the systematic bias of the model (i.e., the differ-
ence between the observed and predicted quantities Qo — Qp). An
observed quantity (water-channel data) is denoted by Q, and a
predicted quantity (SPMMM prediction) is denoted by Q,. An over-
bar indicates an arithmetic mean of the available observations or
predictions. A positive (negative) FB corresponds to model under-
prediction (overprediction). The normalised mean square error,

—
NMSE — %, (12)

1 If a result or comment is applicable to both the SPMMM-CS and SPMMM-SG
predictions or simulations then they will be collectively referred to as the SPMMM
predictions or simulations
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Fig. 2. Vertical profiles of the spatially averaged velocity statistics and TKE dissipation rate from the Coanda water-channel experiments. The circles represent the experimental
data, the solid lines are cubic spline interpolations and the dotted lines are Savitzky-Golay interpolations of the data. No measurements of the TKE dissipation were taken.

quantifies the mean relative scatter of the model predictions. The Table 1
FAC2 is defined as Performance measures for the SPMMM-CS and SPMMM-SG simulations calculated

over the spanwise domain of the 12 xz-positions (n=482).

FAC2 = fraction of data that satisfy 0.5 < & <2.0. (13) Statistic Simulation kB NMSE FAC2
0 @) cs —0.46 1.06 0.66

SG -0.52 0.83 0.33

A perfect model would have: FB = 0, NMSE = 0 and FAC2 = 1. Chang o cs -0.08 0.13 0.96
and Hanna (2004) suggest that an acceptable model should have: SG -0.48 0.77 0.63
—0.3<FB<0.3, NMSE<4 and FAC2>0.5. It is possible for a non- Sky s 028 050 0.78
perfect model to have FB = 0 if underprediction exactly cancels Kut ?;S _33(2) g‘gg g'zz
overprediction. The performance measures for the SPMMM-CS and ¢ G _0:02 5:]7 0:36

SPMMM-SG simulations are shown in Table 1.
Streamwise transects of the concentration moments for the
plume centre line (y/H=0) at three heights are shown in Fig. 3.
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Fig. 3. Streamwise transects of the first four concentration moments for the plume centre line (y/H=0). The solid line shows the Coanda data, the triangles show the SPMMM-
CS predictions and the circles show the SPMMM-SG predictions. The vertical positions are shown on the panels. The Coanda measurements did not cover all heights at all
downstream positions and therefore the lines do not extend across the full streamwise domain in the z/H=1.5 panels: (a) mean concentration, (b) standard deviation of

concentration, (c) skewness of concentration and (d) kurtosis of concentration.

Spanwise transects of the concentrations moments at three heights
for x/H=11.67 are shown in Figs. 4 and 5.

These results display the better performance of the SPMMM-CS
simulations. Qualitatively, the SPMMM-CS and SPMMM-SG predic-
tions of the mean concentration are very similar at all comparison
locations. Minor differences in the transects are attributable to
the minor differences in the driving velocity statistics and TKE
dissipation rates. Excluding any stochastic effects, particles origi-
nating at exactly the same location in the two SPMMM simulations
will follow slightly different trajectories due to differences in
the underlying Eulerian fields used to drive the two simulations.

The predictions of mean concentration shown in Figs. 3(a) and
4 show a combination of under and overprediction depending
on the downstream position and the height. Both simulations
tended to overpredict the mean concentration within the canopy
(z/[H<1; resulting in a negative FB that is outside of its acceptable
range) which may be a result of particles being trapped below the
canopy. This below-canopy overprediction was also observed in
predictions of mean concentration for dispersion from an above-
canopy line source using SPMMM (Postma et al., 2011b) and a
similar model (Cassiani et al., 2007). The below-canopy overpredic-
tion is balanced by above-canopy underprediction, which is most
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Fig. 4. Spanwise transects of mean concentration (left column) and standard deviation of concentration (right column). The solid line shows the Coanda data, the triangles
show the SPMMM-CS predictions and the circles show the SPMMM-SG predictions. The downstream and vertical positions are shown on the panels.

pronounced near the top edge of the plume at positions closer to
the source. The x/H = 1.40 location in Fig. 3(a) demonstrates this as
does the x/H=2.87 location to a lesser extent. This occurs at the
x/H=5.80 and 11.67 positions too but is not shown in the figures
as the upper edge of the plume has grown to be above the heights
shown in Figs. 3(a) and 4. Predictions above the canopy but away
from the plume edge were generally quite good as is demonstrated
in the z/H=1 panels of Figs. 3(a) and 4. As shown in Fig. 3(a), the
accuracy of the SPMMM predictions of (¢") remained more or less
the same with increasing downstream distance.

These results suggest that even though SPMMM performed
acceptably (particularly the SPMMM-CS simulations), the verti-
cal distribution of material in the SPMMM simulated plume is
not as accurate as it could be. This may be due to simplifications
to the driving velocity statistics (e.g., assumption of horizontal
homogeneity) or to the fact that SPMMM does not resolve canopy
obstacles. When a fluid encounters an obstacle, it may be deflected
over and around the obstacle. This process could be represented
by an inhomogenous flow field. For example, several of the data
extraction locations behind the tabs in Fig.1 (e.g., A, K, L, M, N, F,

G, O) display mean vertical velocities greater than zero for z/H < 1.
In addition, directly in front of the tab (e.g., points Q and R) the
mean vertical velocities are greater than zero at the canopy top
(z/[H=1), presumably the result of the water being deflected over
the tab. These positive vertical velocities would help eject material
out of the canopy and potentially reduce the below-canopy over-
predictions and the upper-edge underpredictions. In contrast, the
spatially averaged mean vertical velocity was approximately zero,
which does not aid in the removal of material from the canopy. This
process of deflection over and around the obstacles could in part
be represented numerically (regardless of the flow: horizontally
homogeneous or inhomogenous) by explicitly resolving the canopy
obstacles and treating them as reflection surfaces. An important
consequence of this treatment is that marked fluid particles would
be reflected from the various resolved surfaces of the obstacles, and
provide a physical mechanism that would allow these particles to
more readily escape the canopy.

The assumption of Gaussian turbulence likely did not negatively
affect the SPMMM predictions of mean concentration, as Flesch and
Wilson (1992) demonstrated that the use of non-Gaussian velocity



134 J.V. Postma et al. / Agricultural and Forest Meteorology 166-167 (2012) 127-136

x/H=1167; z/H=3.0

2'8 T T T T T

-10 -5 0 5 10

yIH

x 10° x/H=11.67; z/H=3.0

-10 -5 0 5 10

yIH

Fig. 5. Spanwise transects of skewness (left column) and kurtosis (right column) of concentration. The solid line shows the Coanda data, the triangles show the SPMMM-CS
predictions and the circles show the SPMMM-SG predictions. The downstream and vertical positions are shown on the panels.

statistics does not improve LS model performance (at least as far as
the mean concentration is concerned). The FAC2 for the SPMMM-
SG simulation is half that of the FAC2 for the SPMMM-CS simulation
due to an overprediction at the lateral plume edges caused by a less
accurate spanwise spread of the mean concentration transects. This
can be seen in Fig.4. Since the mean concentration is very small
along the plume edges, it is easier for overprediction to occur.

The three performance measures are well within their accept-
able ranges for the SPMMM predictions of the standard deviation
of concentration. The SPMMM-CS predictions are more accu-
rate however. The SPMMM-SG simulations predicted greater a;;

than the SPMMM-CS simulations at all twelve comparison loca-
tions. At two of the twelve xz-locations: (x/H, z/H)=(2.87, 2.0)
and (11.67, 1.0), this resulted in better conformance between
the SPMMM-SG predictions and the experimental data. At the
other 10 xz-locations, the SPMMM-CS predictions were more
accurate with respect to the maximum standard deviation of
concentration and the spanwise spread. This is reflected in the per-
formance measures. Differences in the SPMMM-CS and SPMMM-SG

predictions were less pronounced closer to the source. The predic-
tions at x/H = 1.40 were approximately the same but by x/H=11.67
they were markedly different. This is a result of the increased
travel time to reach the farther downstream positions, which
amplifies the effects of differences in the micromixing timescales
between the two simulations. Fig.3(b) shows that the accuracy of
the SPMMM predictions of o; is good at almost all downstream
locations.

The SPMMM-CS predictions of skewness of concentration are
more accurate in both magnitude and general shape than the
SPMMM-SG predictions. This is true at all comparison positions
but is most apparent at x/H=11.67. The two SPMMM simulations
make very similar predictions at x/H=1.40 but exhibit progres-
sively larger differences with increasing downstream distance, as
is shown in Fig.3(c). Note that the predictions in this figure look
poorer than the overall spanwise transects shown in Fig.5 since
both the Coanda skewness data and the SPMMM predictions are
relatively noisy and the comparison between data and predictions
is for only one point, namely at y/H=0. Both SPMMM simulations
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made their most accurate predictions at the x/H=1.40 (excluding
the plume edges where edge effects? affected the experimental
measurements and the SPMMM predictions) and x/H=11.67 com-
parison locations. At the x/H=2.87 and 5.80 positions the skewness
of concentration was generally overpredicted. However, the per-
formance measures are within their acceptable ranges for both
simulations. Note that the performance measures are negatively
affected by edge effects, particularly at the x/H=1.40 position,
where not enough particles were released to enable the higher-
order concentration moments to be computed with good accuracy.
To reliably predict skewness and kurtosis of concentration on the
edge of the plume, a very large number of particles (e.g., N> 108)
would have to be released.

The observations for the skewness of concentration apply
equally well for the kurtosis of concentration. Being the next
higher-order moment above skewness, more particles are needed
to reliably predict it and edge effects more strongly affected the
performance measures, all of which are outside of their acceptable
ranges. Qualitatively, the SPMMM-CS predictions are satisfactory,
particularly at the x/H=1.40 and 11.67 positions. They also out-
performed the SPMMM-SG predictions. At the x/H=2.87 and 5.80
positions, both SPMMM simulations tended to overpredict the
kurtosis of concentration. As an alternative to predicting the higher-
order concentration moments such as the skewness and kurtosis,
it has been demonstrated (Yee, 2009) using a large number of high-
resolution concentration data sets that the one-point concentration
PDF can be determined by a specification of two parameters. Mod-
els that predict only mean concentration and standard deviation
of concentration well can potentially be used with an assumed
concentration PDF to predict all the higher-order moments of
concentration. Given this, SPMMM may be more usefully applied
(depending on the complexity of the flow field and the availability
of computational resources) to predict only the first two concentra-
tion moments and an assumed concentration PDF (such as a clipped
gamma distribution) can be used more effectively to predict all the
higher-order moments (without the disadvantage of edge effects
arising from using a finite number of particles).

3.2. Sensitivity to the underlying Eulerian fields

The SPMMM predictions for mean concentration showed little
sensitivity to the underlying Eulerian fields but predicted higher-
order concentrations moments were strongly sensitive to the
choice of the interpolating scheme. The lack of sensitivity in the
first-order concentration predictions at first seems to be in conflict
with the findings of Poggi et al. (2006), which showed that predic-
tions of the mean concentration obtained from a three-dimensional
LS model are strongly sensitive to the TKE dissipation rate. How-
ever, the profiles of ¢ used by Poggi et al. (2006) were significantly
more different than the ones shown in Fig. 2, so there is no conflict
between these findings. The sensitivity of the higher-order concen-
tration moments is due to the IECM micromixing model, which in
no way affects first-order concentration statistics. In particular, it is
related to the parametrization of the micromixing timescale, which
in turn depends upon both the driving velocity statistics and the
TKE dissipation rate. To isolate the effects of the velocity statistics
and the TKE dissipation rate on the SPMMM predictions, a third
simulation which used the velocity statistics from the SPMMM-
SG simulation and the TKE dissipation rate from the SPMMM-CS
simulation was performed. This simulation, referred to as SPMMM-
g, predicted mean concentrations that were nearly identical to
the SPMMM-CS and SPMMM-SG simulations. The predictions of

2 Edge effects are an increase in noise along the plume edges due to insufficient
sampling.
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Fig. 6. Vertical profiles of the micromixing timescale for x/H=5.80 (8 rows down-
stream from source). The mixing timescale is scaled by an advection timescale,
Tq =x/(u(zs)). The solid line is from the SPMMM-CS simulation, the dotted line is from
the SPMMM-SG simulation and the dashed line is for the SPMMM-¢ simulation. Note
that the solid and dashed lines almost completely overlap.

the higher-order concentration moments were virtually indistin-
guishable from the the SPMMM-CS. This can be explained by the
micromixing timescale as follows.

Fig.6 shows vertical profiles of the micromixing timescale for
the three SPMMM simulations at x/H=5.80. Other downstream
locations share the same characteristics of these profiles due to
the assumption of horizontal homogeneity.

The profiles from the SPMMM-CS and SPMMM-¢ simulations
display only minor differences between them, showing that the
parametrization of the micromixing timescale used by SPMMM is
more sensitive to the TKE dissipation rate than it is to the veloc-
ity statistics. At most heights, the micromixing timescale from the
SPMMM-SG simulation is greater than or approximately equal to
the micromixing timescale from the other two simulations. Longer
micromixing timescales correspond to slower dissipation of fluc-
tuations and therefore the SPMMM-SG simulation predicted larger
standard deviation, skewness and kurtosis of concentration than
the SPMMM-CS simulation.

4. Conclusions

It has been shown that the LS-IECM model SPMMM is capa-
ble of predicting with acceptable to good accuracy the first four
moments of the scalar concentration field for plumes dispersing in
a model plant canopy flow. The SPMMM simulations consistently
overpredicted the below canopy mean concentration (resulting
in a FB outside of its acceptable range) as a result of particles
getting trapped within the canopy. The below-canopy overpre-
diction is balanced by an above-canopy underprediction which
is particularly marked along the upper edge of the plume. The
vertical distribution of material in the plume may be better pre-
dicted by more realistic driving velocity statistics which account
for the horizontally inhomogeneous and intermittent nature of
canopy flow. In addition, explicit resolution of the canopy obsta-
cles would introduce new reflection surfaces for the particles
to reflect off, thereby providing another possible mechanism of
escape.

Cubic spline interpolation of the underlying Eulerian velocity
statistics and TKE dissipation rate was shown to produce more
accurate predictions than Savitzky-Golay interpolation for the con-
centration moments examined. Further investigation revealed that
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this was almost exclusively due to differences in the TKE dissipa-
tion rate resulting from the two interpolations. SPMMM showed a
very slight sensitivity to the underlying Eulerian velocity statistics
for the mean concentration and a strong sensitivity to the TKE dissi-
pation rate for the higher-order concentration moments. This latter
sensitivity was the result of the e-dependency of the micromixing
timescale. While this study demonstrated this sensitivity for one
parametrization of the micromixing timescale, it likely would also
affect other parametrizations that incorporate the TKE dissipation
rate. The differences in the cubic spline and Savitzky-Golay inter-
polated TKE dissipation rate were relatively minor and yet these
seemingly small differences can have marked effects, as shown.
This highlights the need for careful measurement or estimation of
the TKE dissipation rate.
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